Brigham Young University

BYU ScholarsArchive
International Congress on Environmental
Modelling and Software

9th International Congress on Environmental
Modelling and Software - Ft. Collins, Colorado,
USA - June 2018

Jun 27th, 2:00 PM - 3:20 PM

Integrating data-based and knowledge-based models in an
Environmental Decision Support System for the management of a
Drinking Water Treatment Plant
Lluís Godo-Pla
Laboratory of Chemical and Environmental Engineering (LEQUIA), Institute of the Environment, University
of Girona, lluis.godo@lequia.udg.cat

Pere Emiliano
ATLL-Concessionària de la Generalitat de Catalunya, pemiliano@atll.cat

Jordi Suquet
Laboratory of Chemical and Environmental Engineering (LEQUIA), Institute of the Environment, University
of Girona, jordi.suquet@lequia.udg.cat

Fernando Valero
ATLL-Concessionària de la Generalitat de Catalunya, fvalero@atll.cat

Manel Poch
Laboratory of Chemical and Environmental Engineering (LEQUIA), Institute of the Environment, University
of Girona, manel@lequia.udg.cat
Follow this and additional works at: https://scholarsarchive.byu.edu/iemssconference
See next page for additional authors
Godo-Pla, Lluís; Emiliano, Pere; Suquet, Jordi; Valero, Fernando; Poch, Manel; and Monclús, Hèctor,
"Integrating data-based and knowledge-based models in an Environmental Decision Support System for
the management of a Drinking Water Treatment Plant" (2018). International Congress on Environmental
Modelling and Software. 21.
https://scholarsarchive.byu.edu/iemssconference/2018/Stream-B/21

This Oral Presentation (in session) is brought to you for free and open access by the Civil and Environmental
Engineering at BYU ScholarsArchive. It has been accepted for inclusion in International Congress on Environmental
Modelling and Software by an authorized administrator of BYU ScholarsArchive. For more information, please
contact scholarsarchive@byu.edu, ellen_amatangelo@byu.edu.

Presenter/Author Information
Lluís Godo-Pla, Pere Emiliano, Jordi Suquet, Fernando Valero, Manel Poch, and Hèctor Monclús

This oral presentation (in session) is available at BYU ScholarsArchive: https://scholarsarchive.byu.edu/
iemssconference/2018/Stream-B/21

9th International Congress on Environmental Modelling and Software
Fort Collins, Colorado, USA, Mazdak Arabi, Olaf David, Jack Carlson, Daniel P. Ames (Eds.)
https://scholarsarchive.byu.edu/iemssconference/2018/

Integrating data- and knowledge-based models in an
Environmental Decision Support System for
Drinking Water Treatment
Lluís Godo-Pla*;**, Pere Emiliano**, Jordi Suquet*, Fernando Valero**, Manel Poch*, Hèctor
Monclús*
* Laboratory of Chemical and Environmental Engineering (LEQUIA), Institute of the Environment,
University of Girona, E-17003, Girona, Catalonia, Spain [(lluis.godo; jordi.suquet manel;
hector)@lequia.udg.cat]
** ATLL-Concessionària de la Generalitat de Catalunya, Sant Martí de l’Erm, 30. E-08970 Sant Joan
Despí, Barcelona, Catalonia, Spain. [(pemiliano; fvalero)@atll.cat]

Abstract: Drinking Water Treatment Plants (DWTP) face complex decision-making in their daily
operation. The amount of data generated along the DWTP allows developing data-driven models and
knowledge-based models that can be integrated into Intelligent Environmental Decision Support
Systems (IEDSS). These systems can be used for predicting the main operational parameters along
the water treatment process. At the present study, the procedure for building an IEDSS has been
followed with a whole-plant approach. A methodology has been purposed to choose the right modelling
technique that attends to the process characteristics and whose results are in tune with the expert
knowledge. As a case study, two operations of a DWTP were discussed and data-driven and
knowledge-based models were assessed to be integrated into an IEDSS. The chemical dosage rate of
pre-oxidation process was analysed and modelled with artificial neural networks and complemented by
an expert-based model. On the other hand, the hydraulic management of the advanced treatment by
electro-dialysis reversal treatment was modelled with a fuzzy expert system, in which the proposed
decisions were the most robust according to the expert knowledge. The outputs of the models adjusted
the seasonal and daily changes of the raw water influent under normal circumstances. The IEDSS is
being implemented at a full-scale plant that processes real-time data and serve as a useful tool for the
plant managers.

Keywords: Intelligent Environmental Decision Support Systems; Drinking water treatment; Data
processing; Model selection

1

INTRODUCTION

Drinking Water Treatment Plants are tasked with treating water from various sources to provide safe
potable water to the inhabitants. Typically, water treatment consists of a series of chemical and physical
processes that eliminate organic matter and microorganisms. A typical DWTP scheme consists of a
coagulation/flocculation step, followed by sedimentation, sand filtration and disinfection with chlorine
(Crittenden et al., 2012). In the last decade several plants have been upgraded with membrane
treatments or activated carbon filters to cope with newer regulations regarding disinfection by-products
(DBP, mainly trihalomethanes (THMs)) and to improve the organoleptic properties of the drinking water.
Specially in Mediterranean regions, where surface water has typically irregular flow and the water
bodies are more stressed, managing the DWTP to produce a quality effluent at all times is challenging.
DWTP managers have to adapt to changing raw water quality and quantity and to the weather
conditions, while keeping the fulfilment with the regulation at all times. This task consists of taking a
series of multi-parametric decisions that find a balance between health risk, environmental and
economic costs.
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Intelligent Environmental Decision Support Systems (IEDSS) have been reported during the last two
decades as suitable tools to aid in the decision-making and reduce uncertainty in many environmental
systems. IEDSS are intelligent information systems that reduce the time in which a decision is made
and improve the consistence and quality of them (Cortés et al., 2000). These systems can integrate
different AI methods, mathematical or statistical techniques, geographical information system
components and environmental ontologies (Poch et al., 2004). Artificial intelligence models include:
Data-driven models, like artificial neural networks (ANN); knowledge-based models, like Expert
Systems and hybrids, like Bayesian Networks.
IEDSS have been used more extensively in WWTP and in less quantity in DWTP. Raseman et al. 2017
have recently reviewed the application of IEDSS on DWTP and outlined the room for improvement in
more accurately reflect the needs of DWTPs on these studies, in order to narrow the gap between
theory and application.
At the present study, the procedure for building an IEDSS has been followed with a whole-plant
approach, and data-driven and expert-based models have been integrated to build the IEDSS to give
support to the DWTP operators. First, the case study DWTP as well as the methodology for building
and structuring the IEDSS is presented. The results section presents the integration of different kind of
models in two modules of the IEDSS developed for two different operations of the case study DWTP:
Pre-oxidation and Electrodialysis Reversal (EDR). Stepping forward in the validation phase, the
implementation of the EDR module is also presented.

2

MATERIALS AND METHODS

2.1

Case study: DWTP Llobregat

Llobregat DWTP is situated in Abrera, NE Spain, and managed by ATLL CGC S.A. to provide water to
the metropolitan area of Barcelona. It takes the raw water directly from Llobregat river and has a
maximum treatment capacity of 3.3 m 3/s. Llobregat river at the DWTP catchment point presents quality
challenges such as high micropollutants and micriobiological levels, high salinity and Natural Organic
Matter (NOM), due to the drainage of both industrial and urban sewage in the upper part of the basin
(Fernández-Turiel et al., 2000; Valero and Arbós, 2010). Table 1 shows the main parameters statistics
at the DWTP inlet.
Table 1. Characterisation of Llobregat DWTP influent. Samples from period January 2012December 2017 (N=1004)
Parameter

Unit

Mean

St. Dev

Min

Max

Temperature
TOC
Turbidity
UV254
Color

ºC
mg·l-1
NTU
Abs·m-1
Pt·Co-1

16.2
3.35
41.9
6.92
12.91

6.0
0.81
35.8
1.87
8.01

1.2
1.32
1.3
0.07
0.81

27.7
7.96
420
23.2
97.61

Electrical
Conductivity (EC)

µS·cm-1

1371

236

542

2920

1.92

0.71

0.45

3.30

Inflow

3

m ·s

-1

The DWTP has a conventional treatment to remove turbidity and NOM, and an advanced treatment
targeting salinity removal. The conventional treatment consists in pre-oxidation with potassium
permanganate, coagulation, flocculation, oxidation with chlorine dioxide, sand filtration and granular
activated carbon filtration. Part of the conventional treatment product is further treated with
electrodialysis reversal (EDR) step. Conventional treatment product and EDR product are blended,
chlorinated and sent to the storage tanks. A scheme of the treatment process in Llobregat DWTP is
shown in Figure 1.
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Figure 1. Llobregat DWTP Scheme
2.2

DWTP IEDSS Development

The steps for developing an IEDSS depend on the type of problem and knowledge that may be
acquired. Several methodologies have been proposed in the literature (Cortés et al., 2000; Hamouda
et al., 2009; Poch et al., 2004) although they agree in some common steps that can be generalised:
Problem Analysis, Data and Knowledge Acquisition, Model Selection, Integration, Implementation and
Validation. The application of this procedure to the case study DWTP is described:
Problem Analysis. In this initial phase is key to understand the user needs, define purpose of the tool
and establish working mechanisms of developers working collaboratively with practitioners (McIntosh
et al., 2011). The main goal was to identify which decisions are made at the plant, which agents are
taking part in these decisions, and at which time-basis. To pursue a good understanding of the DWTP
decision-making process and reflect their needs into IEDSS objectives it was needed to establish visits
to the plant and work dynamics to have constant feedback and validation from the experts. IEDSS can
be in this phase divided into modules, which give support to different kind of decision-making or assist
to different processes. These modules can have relations between them (connected) or not.
Data and Knowledge Acquisition. Working sessions to work in each one of the IEDSS modules were
done in order to transfer the expertise and specific knowledge of the processes. Two databases (A and
B) were built for modelling purpose with data from two different sources: Database A with data from
laboratory analysis and other manual input data (operational parameters and chemicals dosing rates)
collected at a daily basis at 7am and Database B with mean values from online sensors at an hourly
basis. On both databases, each row corresponded to a sample and each column with a measured
variable along the water treatment process. For each modelling target, rows with zero’s and values out
of range for the selected variables were removed. At the same time, erroneous data that did not reflect
the system performance was detected through visualisation of the time series. Pre-processing
techniques allows to have quality data and at the same time, to avoid propagation of errors in either
data-driven models or decision-making based on them (Gibert et al. 2016).
Model Selection. An appropriate model type has to be selected according to their application, the types
of data available and the level of uncertainty treatment among others (Kelly et al., 2013).
Integration and Implementation. The developed models have to be integrated into a functional structure
and implemented into the computer systems in order to be executed and consulted.
Validation. Once the tool has been implemented, it has to be validated by the experts in the domain to
ensure the performance of the model is the expected one. Different aspects of model validation as
replicative, predictive and structural validity are considered in the literature for data-driven models and
knowledge-based models. The models should have the ability to reproduce the input-output relationship
through historical data (measurable with different statistics) but also represent the underlying system
dynamics between variables (Gass, 1983; Humphrey et al., 2017; Wu et al., 2014).

2.3

DWTP IEDSS Structure

IEDSS are structured into different modules for specific applications using the three level architecture
presented and used by different authors (Poch et al. 2004; Cortés et al. 2000; Comas et al. 2010). The
first level is the data and knowledge gathering, in which the input data is processed and data errors are
identified. The second level is the diagnosis level, where the advanced control system is included. This
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system involves a series of actions for the control variable, based on the selected model (knowledgebased or data-driven) prediction. Last, the third level is the supervisor level, where knowledge-based
rules supervise and regulated the module in case of operation problems. This kind of structure enables
the integration of different kind of models, which make us of numerical and qualitative data from different
sources to propose an action to the end user.

3. RESULTS
3.1

IEDSS Module for pre-oxidation process

Potassium permanganate is used in the pre-oxidation process at the inlet of the DWTP. The application
of potassium permanganate at the water treatment process has different objectives: Oxidation of iron
and manganese, oxidation of taste and odour compounds, control of microorganisms and oxidation of
DBP precursors (Crittenden et al., 2012). The dosing rate at Llobregat DWTP ranges between 0.4 and
1.6 mg·l-1, depending on the kinetic conditions and the inlet quality. The dosing rate has to be controlled
in order that the oxidation capacity is optimised and at the same time, the residual of manganese is low
(Crittenden et al., 2012). An overdose would result in a high residual manganese concentration with a
pink colour in water a part from possible problems in the water distribution system. Spanish regulatory
of drinking water establishes a maximum manganese concentration of 50 µg·l-1 (RD, 2003).
3.1.1 Data and Knowledge Acquisition level
Based on the agents identified during the problem analysis phase of the IEDSS development, a
database was built with the input variables: UV absorbance at 254 nm (UV254), Temperature, Turbidity
and Flow. Sampling period from the online sensors was 1h. Consecutive samplings with differences
greater than the standard deviation were replaced with the last available analytical measure, except for
the turbidity values, that can have increments greater than the standard deviation during rainfall
episodes.
3.1.2 Diagnosis level
Potassium permanganate dosing rate was modelled with ANN and complemented by expert-based
models. ANN is a data-driven modelling approach that has been reported as a suitable tool for their
predictive potential and the capacity of modelling multiple-variable nonlinear phenomena in water
treatment (Baxter et al., 2002; Maier and Dandy, 2000). Since the learning process is supervised by the
data, this modelling approach is suitable when a sufficient amount of data is available and system
processes are poorly understood or the experts can not explicitly encode their knowledge, in opposition
to knowledge-based systems (Kelly et al., 2013). The expert-based model, encoded as supervisor rules,
was used to adjust the output of the ANN model to the operational constraints and quality requirements.
The characteristics of the ANN model are summarized at Table 2. Input variables were first selected
according to domain knowledge of the plant operators and contrasted with correlation analysis. Input
data normalisation with the minimum and maximum value gave the minimum error. Data was divided
between calibration (70%) and validation (30%) datasets through unsupervised random division. The
criteria used to select the network structure was in terms of minimising prediction errors and maximising
model parsimony (Wu et al., 2014). In these terms, a single hidden layer with three nodes was selected.
Backpropagation with Levenberg-Marquardt optimisation algorithm was used for training the ANN.
Table 2. Characteristics of the Artificial Neural Network for pre-oxidation module.
Parameter
ANN architecture
ANN structure
Training algorithm
Data pre-treatment
Data-splitting method
Hidden Layer
Number of nodes in the hidden layer
Output layer

Selected
Feedforward ANN
4-3-1
Backpropagation with Levenberg-Marquardt Optimisation
Minimum-maximum normalisation
Random division: 70% Calibration and 30% Validation
Sigmoid neuron
3
Linear Neuron
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3.1.3 Supervisor level
Supervisor rules (SR) referring to operational, economical or environmental constraints were included
for the potassium permanganate dosing rate.
SR 1: Operational constraints. The operational range was set between 0.4 and 1.8 mg KMnO4/l
SR 2: Quality and environmental constraints. Residual manganese concentration is monitored at the
sand filters effluent. In case the KMnO4 dosing rate exceeds the KMnO4 water demand, the residual
manganese will be increased. For this purpose, a decision tree was built, to reduce the dosing rate
according to the manganese concentration and Temperature.
The hierarchical structure adopted for the construction of the IEDSS pre-oxidation module is shown at
Figure 2.

Figure 2. Structure of the IEDSS module for pre-oxidation process scheme.
3.1.4 Validation
The IEDSS module for pre-oxidation was validated with historical data from the last year. Although
replicative validity was assessed during the ANN development step, the input-output relationship has
to be validated to assure a good understanding between the data-driven model and the a priori
knowledge of the experts (Humphrey et al., 2017), named structural validity. The mean absolute error
(MAE) for the presented values in Figure 3.A was ± 0.13 mg·l-1 that was considered satisfactory by the
managers of the plant. The root mean squared error (RMSE) for the ANN training and validation dataset
was 0.29 and 0.24 mg·l-1 respectively. Figure 3 shows the replicative and structural validation of the
presented IEDSS in through a time-series plot of real value vs. modelled (Figure 3.A) and a surface plot
showing the response of the model to the variations of the two main variables (Temperature and UV 254)
along their operating range, while maintaining the other input variables (Inflow rate and turbidity) at their
mean value.

A

B

Figure 3. A) Replicative validation of potassium permanganate dosing rate with historical data from
the period December 2016-December 2017. B) Structural validity evaluation with a surface plot.
Temperature and UV254 are evaluated in their operating range (minimum and maximum) while
maintaining the other variables at the mean value.
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3.2

IEDSS Module for electrodyalisis reversal process

EDR in Llobregat DWTP was installed in 2008 as an advanced treatment to reduce salinity and
consequently improve the organoleptic properties of water and reduce THM formation at the DWTP
(Valero and Arbós, 2010). EDR has a modular operation, and can process from 0 to 2.4 m 3/s of
conventional treatment product depending on the number of active EDR modules. Conventional and
advanced treatment flows (Qconventional and QEDR) are blended at a certain ratio (XEDR) to ensure a good
DWTP effluent quality at a sustainable operating cost.
𝑋𝐸𝐷𝑅 =

𝑄𝐸𝐷𝑅
𝑄𝑐𝑜𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑎𝑙

· 100

(1)

The decision of the blending ratio XEDR is critical. Several factors must be taken into account: THM
precursors concentration (mainly organic matter and salinity), weather conditions, effluent water quality
requirements, distribution network operation and energetic costs.

3.2.1 Data and Knowledge Acquisition
A database with online sensor samples from input variables was built. Input parameters included water
quality parameters and operational parameters. Input variables regarding quality parameters were:
Temperature and Electric Conductivity (EC) (measured at inlet and complementary external inlets),
TOC (measured at the outlet of Granular Active Carbon Filters), THM (measured at storage tanks).
Input variables regarding operational parameters were: Inflow, Hydraulic Residential Time (HRT) at the
tanks and Inflow from external inlet. Sampling period from the online sensors was 1h. Consecutive
samplings with differences greater than the standard deviation, values greater than the registered
maximum and lower than the registered minimum, were replaced with the last available analytical
measure. An exception was made for the turbidity and conductivity values, which can have increments
greater than the standard deviation during rainfall episodes.

3.2.2 Diagnosis level
A Fuzzy Expert System (FES) was designed to predict the amount of EDR modules to activate,
depending on the agents identified during the problem identification phase of IEDSS development. FES
can incorporate high-level expertise to aid in problem solving. Moreover, it can represent uncertainty
related to the human classification or rule assignment and make inference by means of fuzzy inference
engines (Kelly et al., 2013). In order to build the FES, the operational input variables (Temperature and
HRT) were firstly classified into different categories (Very low, Low, Medium, High, Very High). The
classification ranges were decided by the distribution of the data and consecutive trial-and-error to
adjust the expert opinion with the historical data. By means of a fuzzy inference engine, the two input
variables purpose the target electrical conductivity at the storage tanks. Having characterised the EC
removal efficiency of the EDR process, then the blending ratio can be calculated with a mass balance
(XEDR,EC).
Table 3. Characteristics of EDR input variables. Daily averages from period 1/6/201810/3/2018 (N=205)
Sampling site
Llobregat River
External inlet
GAC filters effluent
Storage Tanks

EDR Operation

Parameter
Q
EC
Q
EC
TOC
HRT
Temperature
THM
QEDR
XEDR

Unit
m3·s-1
µS·cm-1
m3·s-1
µS·cm-1
mg·l-1
Hours
ºC
µg·l-1
m3·s-1
%

Mean
1.28
1287
0.44
424.60
1.42
33.65
17.68
29.40
0.41
38.70

St. Dev
0.26
207.37
0.12
117.40
0.65
10.66
6.87
9.91
0.12
10.90

Min
640.00
0.01
19.54
0.27
14.18
5.21
8.75
0.03
15.20

Max
2.12
2012.48
0.98
660.70
3.80
63.57
26.69
74.825
0.74
66.10
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3.2.3 Supervisor level
Casuistic not integrated in the reasoning engine on the diagnosis level have been incorporated as
different supervisor rules (SR) at this level. Data analysis supported the definition of these rules
according to the expert knowledge.
SR 1: Organic matter. There are cases where organic matter at the inlet is high or that it cannot be
removed at the desired rate during the conventional treatment. For these occasions, the organic matter
present in conventional treatment product becomes a main agent in the decision-making process.
Therefore, a FES was built with the purpose of establishing the maximum TOC concentration at the
tanks, depending on the temperature and HRT. The necessary blending ratio to fulfil this condition
(XEDR,TOC) can be calculated with a mass-balance.
SR 2: Disinfection By-products. Depending on the kinetic conditions, the experts establish a THM
concentration in the storage tanks that should not be overpassed in order to ensure that the level at the
consumer tap does meet the legislation limit (100 µg·l-1). In order to systemise this criteria, a FES was
built to increase or decrease the proposed XEDR depending on the kinetic conditions and the actual THM
concentration in the storage tanks.
SR 3: Chlorides. The maximum chlorides concentration at the outlet of DWTP is established by the
Spanish regulation at 250 µg·l-1 (RD, 2003). Chlorides are not removed in the conventional treatment,
and their removal at the EDR is temperature dependent. If the proposed XEDR does not ensure a
fulfilment with this regulation, the blending ratio of conventional product with EDR product has to be
recalculated in order to ensure less than 250 µg·l-1.
SR 4: Economical constraints. EDR modules can only run at the full capacity (280 l·s-1) or at 75% of
their full capacity (200 l·s-1). This supervisor level distributes the number of modules on a 24h basis, to
optimise the energetic costs according to the current electric tariff.

Figure 4. Structure of the IEDSS module for electro-dialysis reversal scheme.
3.2.4 Validation
The IEDSS module for EDR was validated comparing the applied XEDR with the simulated one with
historical data from June 2017 to April 2018 and is shown at Figure 5. The MAE and RMSE of the model
for this period was 12.91% and 15.93% respectively. Samples where the simulation resulted in
differences in the applied number of EDR modules greater than 0.5 were individually evaluated. In these
cases, it was seen that that the decisions purposed by the IEDSS would not imply a deterioration in the
effluent water quality. Two main reasons were identified as being responsible for most of the deviations
of the model: Rapid rise of quality sensor readings leading to disadjustment between the XEDR applied
and simulated during rainfall events and cases where the EDR was managed attending to external
factors not included in the reasoning engine (like weather events affecting the drinking water distribution
system) that required preventive actions to ensure the quality of the product water.
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Figure 5. Number of EDR modules applied at the Llobregat DWTP and purposed by the IEDSS.
Validation of the tool was done daily, contrasting the expert opinion and monitoring the IEDSS
proposals. This motivated the creation of supervisor rules that added specific casuistic that the
reasoning engine did not consider.
3.3

Implementation

The IEDSS module for EDR takes input data from entirely from online sensors (no manual inputs
needed) and is implemented at the ATLL computer system. The IEDSS module is executed
automatically every hour and the results can be consulted in two ways: The main input and output data
of each calculation within the IEDSS module can be consulted in a Microsoft Excel® file, and the number
of modules to apply is seen at the SCADA interface (Figure 6). This dual consultation enables on one
hand, an easy implementation of the tool by using an existing interface and that is the actual monitoring
platform for the practitioner, and on the other hand, the possibility of a deeper analyse by consulting the
single inputs and outputs of the tool in the excel file.

Figure 6. SCADA screenshot
The other IEDSS modules (pre-oxidation, coagulation, pre-disinfection and sand filters) are in
implementation phase.

4. CONCLUSIONS
The results presented in this paper show that there are multiple operation parameters within a DWTP
that, with the appropriate techniques, can be modelled and integrated into an IEDSS that gives daily
support to the plant managers and operators.
To pursue this objective is of the utmost importance to clearly analyse the real needs of the DWTP
and systematically choose the best model and integration structure that copes with this. The IEDSS
has to attend the concrete needs of each plant and be in tune with the specific knowledge and data of
the system.
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In that sense, the methodology used for IEDSS construction and structuration has permitted to easily
observe how all knowledge and data have been integrated and how interact between them. Two
different modelling approaches were successfully applied to predict the potassium permanganate
dosing rate as a pre-oxidation process at the DWTP inlet and to predict the amount of water to be
treated by an advanced process (EDR) to improve the organoleptic properties of water and reduce
the DBP concentration at the most sustainable cost, integrating data-driven models and expert-based
models (ANN and FES) within an IEDSS.
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